Introduction
The responses of asset prices and market volatility to information releases concerning fundamental variables are of key interest for relevant financial and economic decisions, such as risk management, asset pricing, and portfolio allocation. Since changes in prices and volatility primarily occur through trades motivated for reasons of information, then the form of those responses can be related to the nature of the process of information arrival, as suggested in Clark (1973) and Ane and Geman (2000) . 1 Discontinuities in information flow drive jumps in the price process, which are generally associated with periods of intense market activity. 2 The empirical evidence has rejected continuous models, and has favored those with discontinuities (e.g., Chernov, Gallant, Ghysels, and Tauchen (2003), Eraker, Johannes, and Polson (2003) , Eraker (2004) , and Maheu and McCurdy (2004) ). In addition, recent literature also confirms the importance of jumps, not only in characterizing a feature of the information process driving returns at high frequencies, but also in describing the transmission mechanism of policy decisions.
For instance, Das (2002) and Johannes (2004) analyze interest rates and find that jumps are a primary conduit through which macroeconomic information enters the term structure.
All the above mentioned studies agree with the close connection among jumps in 1 In these studies, the cumulated arrival of relevant information is a reasonable measure of time changes at high frequencies. 2 The simplest version of models incorporating jumps is the popular "jump-diffusion", which is obtained when the cumulated arrival of information has a finite number of discontinuities in a finite horizon. Geman, Madan, and Yor (2000) motivate more general purely discontinuous processes relating time changes to measures of economic activity at high frequencies. 1 the returns process, large changes in market volatility, and the arrival of events (such as macroeconomic releases) that might take the market by surprise. However, less is known about the specific form of this connection, or about whether the impacts on volatility dynamics are heterogeneous with respect to the type of news event. This paper addresses these two concerns by focusing on events associated with the disclosure of public information regarding fundamental macroeconomic variables. In particular, I
consider a set of releases that are disclosed in regularly scheduled announcements and convey information about monetary policy, inflation, and growth (employment). In this context, I explore the effects of announcements and news events on the conditional volatility of returns through a non-linear channel associated with jumps in the return process. Specifically, I focus on the conditional jump intensity of stock market returns.
In addition, I examine the extent to which heterogeneity among scheduled announcements explains differences in the dynamic behavior of such jump component, shedding more light on the sources of persistence in the conditional second moment of market returns, and providing a criterion to distinguish between permanent and transitory effects of particular types of shocks.
A number of studies have analyzed the effect of macroeconomic announcements on the volatility of asset returns using daily and intradaily data (e.g., Jones, Lamont, and Lumsdaine (1998) , Andersen and Bollerslev (1998), and Flannery and Protopapadakis (2002) ). The common parametric approach has used a multiplicative filter to model a structural volatility change on event days. However, this strategy does not allow 2 direct interactions between surprises and jump dynamics. Non-parametric approaches have exploited recent developments in measuring the quadratic variation of an stochastic process using intradaily data. For instance, Huang (2007) separates financial market responses into continuous volatility effects and jumps on news days. He finds evidence that there are more days with large jumps on announcement days than on nonannouncement days for several types of macroeconomic announcements. Moreover, he finds larger proportions of news days in jump days than in the whole sample. This evidence suggests that the jump intensity may be affected by macroeconomic news and the present study proposes a parametric strategy to model such impacts in a dynamic setup that allows macroeconomic releases to have direct effects (with different types of persistence) on the conditional jump intensity of market returns.
The framework of this paper follows the approach of Maheu and McCurdy (2004) in terms of modeling the returns process through a mixture of a GARCH model with a compound Poisson jump process in a discrete time setting at a daily frequency.
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I follow such a model by allowing the jump intensity to be time varying with serial correlation; although, on the one hand, I model differentiated impacts of heterogeneous news linking parametrically the jump arrival intensity with announcement and news variables and, on the other hand, I allow for asymmetric effects of shocks on the jump volatility component, which introduces an additional source of good/bad news effects on the conditional volatility of returns.
Using daily returns on the S&P500 and measures of real time U.S macroeconomic news, the results suggest that incorporating fundamental news variables into the specification of the jump intensity is relevant to characterize the effect of such news on conditional volatilities and to improve measures of jump occurrence. Indeed, heterogeneous news effects are found. Inflation surprises show asymmetric effects on the jump intensity and on the conditional mean of market returns. In addition, while Producer Price Index (PPI) inflation shocks have a persistent effect on jump intensities, and therefore on conditional volatilities, monetary policy and employment shocks show only short-lived effects. The results of this paper suggest that introducing macroeconomic surprises is relevant for explaining and predicting the dynamic behavior of jump probabilities on monetary policy and employment announcement days. To address the issue of in-sample overfitting, common in heavily parameterized non-linear models, this paper also performs out-of-sample forecast comparisons. 4 In this regard, I provide evidence that the in-sample results are not an artifact of overfitting and that using jump intensity specifications with news variables leads to out-of-sample improvements in forecasting volatility on event days.
The paper is organized as follows: Section 2 presents a review of the literature regarding the effect of macroeconomic news on market volatility. Section 3 introduces the model characterizing the conditional return distribution. Section 4 provides a description of the data used in the empirical analysis, and defines the measures of surprises used in this paper. Section 5 reports estimation results for different jump model specifications. Finally, a comparison with competing GARCH models is presented in section 6, and section 7 concludes.
News Effects on Financial Volatility
The relation between stock market volatility and uncertainty about fundamentals has been the focus of an active research agenda oriented to understand and test the economic factors that cause stock market volatility. At low frequencies, Schwert (1989) finds weak evidence that macroeconomic volatility can explain stock return volatility.
Instead, he suggests that it is more likely that stock market volatility causes macroeconomic volatility. He also finds that the average level of volatility is considerably higher during recessions. From a theoretical standpoint, David and Veronesi (2008) develop an equilibrium asset pricing model in which positive inflation and/or negative earnings surprises induce additional uncertainty of switching to high inflation and/or low earnings regimes, which are associated with a raise in the overall stock return volatility. Engle and Rangel (2008) find a strong relationship between the low frequency component of market volatility and macroeconomic variables such as inflation, growth, and macroeconomic volatility. These papers only examine a long-term relation between returns volatility and fundamentals.
From a short-run prospective, other studies have addressed the market volatility reaction to fundamental news released on announcement days. Most of this research 5 has focused on the dynamics of conditional volatility based on the ARCH/GARCH framework introduced by Engle (1982) and Bollerslev (1986) . For example, Li and Engle (1998) examine the degree of persistence heterogeneity associated with scheduled macroeconomic announcement days and non-announcement days in the Treasury futures market. They introduce a filtered GARCH model that takes care of cyclical patterns of time-of-the-week effects and announcement effects by decomposing returns volatility into a transitory and a non-transitory component. They find heterogeneous patterns in persistence when comparing announced versus non-announced macroeconomic releases. Specifically, announced releases are associated with less volatility persistence. They also reject risk premia on announcement days.
Jones, Lamont, and Lumsdaine (1998) present a similar analysis for the Treasury bond market. They find evidence of existence of "U" shaped day-of-the week effects and "calm before the storm" effects for bond returns volatility. In contrast to Li and Engle (1998) , they find that announcement day shocks do not persist at all; they are purely transitory. This fact supports the Mixture of Distribution Hypothesis of Clark (1973) , which implies that volatility persistence is due only to serial correlation in the information process. In addition, they suggest risk premia on announcement days, which favors a GARCH-M specification.
Andersen and Bollerslev (1998) study potentially different effects on volatility of scheduled versus unscheduled announcements using intradaily foreign exchange returns data (five-minute returns). Their results suggest that macroeconomic announcements 6 have a large impact on five-minute returns when they hit the market, although the induced effects on volatility are short-lived. At a daily level, the significance of these announcements for volatility is tenuous. 
Description of the Model
First, I consider a stock return process in discrete time that is affected by heterogeneous information shocks. Following the framework of Maheu and McCurdy (2004) , the return process innovations are driven by a latent news process that has two separate components distinguished by their news impact: a) ε 1t represents "normal" news events, which are assumed to drive smooth price changes; b) ε 2t denotes "surprising"
5 See Johannes (2004) for further discussion.
8 news events, which cause relatively infrequent large price changes. 6 Thus, under the information set Ω t−1 conveying the information of past returns (and possibly exogenous variables known before time t), the returns process can be specified as follows:
where,
=time varying conditional mean (X t denotes a vector of explanatory variables).
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Note that ε 1t |Ω t−1 ∼ N(0, σ 2 t ) provided σ t ∈ Ω t−1 . Under this assumption, the dynamics of σ t can be described by a GARCH process, and therefore the return process follows a mixed GARCH-Jump model. Otherwise, when σ t |Ω t−1 is random, we have a stochastic volatility model with jumps, and ε 1t |Ω t−1 is not Gaussian. In fact, if the model is correctly specified, the conditional variance takes the following form:
Hence, surprises can influence conditional volatility either through their effect on the jump arrival intensity or through the GARCH process describing σ 2 t . Moreover, under this specification, the impact of news on market volatility might be driven by the effect of previous surprises on the conditional probability of observing a jump arrival in the price process. This dynamic behavior is able to describe the excess of volatility associated with a "peso problem situation". Equation (2) is key for the interpretation of my empirical results since any effect on λ t will also govern the conditional volatility provided δ is significantly different from zero.
The following proposition characterizes the conditional density of a return process described by (1), as well as a filter that describes the conditional expected number of jumps in the process. (3) and (4) are referred as equations (23) and (24) in Maheu and McCurdy (2004) .
Proposition 1 If returns follow a process described in expression (1) with 0 < σ t < ∞ and 0 < λ t < ∞, ∀t. Then the conditional density of returns given a relevant set of parameters Θ takes the form:
Moreover, the conditional density of the number of jumps observed at time t, given the updated information, can be expressed as:
The proof is given in Appendix A1.
Note that these densities involve an infinite sum that makes infeasible their analysis for estimation purposes. However, finite order approximations based on Taylor's expansions can be taken in practical applications. This is a common practice for the analogous continuous time jump-diffusion models. 11 In fact, the first order approximation of Equation (3), which seem to work well when λ t is "small", is given by 12 :
Equation (5) takes a quite convenient form given by a mixture of Gaussian densities driven by the time varying arrival intensity. The expression can also be associated with a process with jumps governed by a Bernoulli random variable with time varying parameter, which corresponds to the conditional probability of observing a jump at time t given the past information. Instead, Maheu and McCurdy (2004) use a truncated sum as an approximation of Equation (3). I follow this approach in the empirical part of this paper 13 .
A full characterization of the likelihood requires parameterizations for λ t and σ t . In the present study, I consider two main specifications for the jump intensity that extend the model of Maheu and McCurdy (2004) by incorporating the effects of exogenous explanatory variables in two different ways: one is persistent, and the other is shortlived. I characterize these specifications as:
a) Jump Intensity with Persistent Effects:
b) Jump Intensity with Transient Effects:
where
, x t is a vector of exogenous explanatory variables, known before time t, |ρ| < 1, and ζ t is a revision or jump intensity residual term defined as follows 14 :
The logistic functional form of Λ retains the attractive intuition of a logit model where the probability of observing a jump is partially explained by exogenous regressors, which will be defined in the next section. It is important to note that the information set has been extended to include not only past returns but also exogenous news variables that are known before the realization of r t . 15 In addition, this specification turns out to be convenient for estimation since it smooths the effects of extreme values of such regressors. Regarding the revision term, note that E(N t−1 |Ω t−2 ) = λ t−1 , and
gives the expected number of jumps given the current information. Indeed, this last term is obtained by updating the conditional expectation using Bayes rule and a finite order approximation of the density in (4). For instance, considering a truncated version of the likelihood, this conditional expectation can be approximated as follows:
and,
Additionally, I parameterize the diffusive volatility component as a standard GARCH(1,1):
, and the parameters satisfy standard stationarity
4 Description of the Data and Measures of Surprises
In this study, I use daily data of the S&P500 index, which was obtained from the CRSP database. The sample period goes from January 2, 1992 to August 29, 2008. The data is divided into in-sample and out-of-sample portions. The first portion is used in the specification search and includes data from January 2, 1992 to December 31, 2003. The out-of-sample part is used for forecast comparisons and includes data from January 2, 16 In terms of higher moments, the assumptions described in (1) imply zero conditional skewness and time varying conditional kurtosis, which is given by: 
where Y kt is the realization of variable k, b Y kt is the corresponding median consensus forecast, and b σ k is the standard deviation of the forecast error. Surprises are computed in this way for announcements where the consensus forecast is obtained explicitly from the surveys mentioned above.
17 Clark (2004) and Ashley, Granger, and Schmalensee (1980) have favored the approach of splitting the sample in two non-overlapping in-sample and out-of-sample portions to evaluate the predictive power of models and prevent overfitting.
18 Previous studies including shocks of several macroeconomic variables have concluded that only few of them are significant for equity returns. In particular indicators of inflation and output seem to be the most important. See Andersen, Bollerslev, Diebold, and Vega (2003) Elton, and Green (2001) concluded that the MMS survey data is an accurate representation of the consensus expectation in the market. Pearce and Roley (1985) find MMS forecasts unbiased and efficient.
Regarding monetary policy shocks, recent literature has pointed out that the federal funds futures dominate all other instruments for predicting near-term changes in the federal funds rate (FFR). Therefore, these instruments can be used to compute monetary policy surprises surrounding Federal Open Market Committee (FOMC) announcements as follows:
where i t denotes the federal funds rate, ∆ff t is the change in the rate of the current month's futures contract, D represents the number of days in the month, and d indicates the day of the month in which the FOMC meeting occurs.
21 Figure 1 shows dynamic patterns of S&P500 returns and volatility over the in-sample period. This volatility measure is based on the high-low range volatility introduced by Parkinson (1980) . Both panels illustrate the presence of several extreme events that tend to cluster in some periods. Table 1 illustrates the distribution of announcements by day-of-the-week. This distribution suggests that day-of-the-week effects might be present in this sample. For instance, almost all of the employment releases occur on Fridays, most of the FOMC meetings are concentrated on Tuesdays and Wednesdays, and very few releases occur on Mondays. However, using the high-low range volatility measure, Table 2 shows that the day-of-the-week effects are not significant during this sample period. Table 3 describes the distribution of this volatility proxy by kind of announcement.
From this description, we can observe that volatility seems to increase on announcement days, particularly on those associated with monetary policy (FFR) and employment (NFP and Ump) releases. A t-test for equality of means suggests that these effects are significant. In addition, the average volatility exhibits a level below the average on the days before announcements of FFR and NFP/Ump information. This phenomenon is known as the "calm before the storm". However, the t-tests indicate the effect is not significant. 22 Overall, this description confirms the importance of disentangling heterogeneous effects associated with different kinds of news events.
Estimation and Results
This section discusses estimation results for the jump model described in section 3.
The estimation is based on the truncated approximation of the likelihood given in (3) (up to the 10th term of the sum), the specification of the diffusive volatility given in (11), and a number of models for the jump intensity. First, I consider a model without announcement/news effects using the jump intensity specification of Maheu and McCurdy (2004) . Later, I estimate equations (6) and (7), where the announcement and news variables defined in the previous section are included as explanatory variables.
23
22 For a shorter sample period, Bomfim (2003) finds significant "calm before the storm" effects for monetary policy announcements. 23 An earlier version of this study considered the first order approximation in Equation (5). Overall, the empirical results presented in this section are not sensitive to this change. 
Results for a baseline model without explanatory variables
In the baseline model, the jump intensity is defined as λ t = c + ρλ t−1 + γζ t−1 , where ζ t−1 is defined in (8). 24 In this case, the set of parameters is {µ, δ, c, ρ, γ, w, g, b}.
25 This model is estimated using the in-sample portion of the data (from January 2, 1992 to December 31, 2003). Table 4 shows the estimation results, which suggest that all the coefficients are highly significant. The estimate of ρ indicates a highly persistent jump intensity, which is consistent with the findings of Maheu and McCurdy (2004) about jump clustering in returns for market indices. 26 The impact of a revision in the expected number of jumps, described by γ, implies an adjustment of about 47% of its magnitude on the jump intensity. This confirms the flexibility of the model to adjust quickly to large price changes that affect the conditional probability of jumps. The parameter δ, associated with the variance of the jump size, is also highly significant, which supports the relevance of the jump term in the conditional volatility of returns. Similarly, the GARCH parameters of the diffusive volatility component are significant and, as it is usual, the GARCH term is very persistent, and the ARCH effect is small. This indicates that including jumps does not affect the significance of the terms characterizing the dynamics of the smoother volatility term. Panel A of Figure 2 illustrates the conditional variance and Panel B shows the contribution of its two components (the GARCH term 24 This is a simplified version of the model of Maheu and McCurdy (2004) since in this case the GARCH variance component does not include asymmetric effects. 25 The baseline model assumes a constant conditional mean µ. Using this baseline specification that does not include any news/announcement variables, we can explore some patterns of conditional jump probabilities on event days and non-event days. This is useful to evaluate whether the pure autoregressive structure is able to capture on average the dynamics of the jump component. Figure 3 shows the average of the ex-post conditional expected number of jumps across different types of event days. These conditional expectations are estimated from Equation (9). The 
Jump models with announcement and news effects
The previous results suggest that jump intensities show different patterns on macroeconomic announcement days. To explain such empirical findings, I incorporate the effect of macroeconomic announcement and news variables on jump intensities. Based on equations (6) and (7), a number of specifications are examined. First, I incorporate pure announcement effects by replacing Λ(a 0 x t ) by η 1 I A t,K in these two equations. I ) is labeled as Model A-2. In addition, I allow the conditional mean in Equation (1) to incorporate directly news effects in order to control for changes in the conditional mean on event days. This term is specified as:
where S t,K is a type-K news variable, as defined in Equation (13), and I − t,K is an indicator of a negative news event (S t,K < 0). The specification is empirically appealing because it separates not only jumps in conditional mean but also asymmetric effects associated with bad news.
Models A-1 and A-2 are estimated for each type of macroeconomic release (CPI, PPI, FFR, and UMP/NFP). Table 5 (6) and (7) is replaced by a 1 |S t,K |+a 2 I − t,K |S t,K |. As explained earlier, S t,K is a type-K news variable (see Equation (13)) and I − t,K is an indicator of negative news. In the first specification (Model S-1) the shocks persist through the jump persistence parameter, ρ. In contrast, the second specification (Model S-2) restricts the shocks to be non-persistent. Each of these models is estimated using one type of macroeconomic shock at a time. Table 6 presents the estimation results for Model S-1. The results suggest that PPI inflation shocks significantly impact the jump intensity and their effects are persistent. Moreover, they show asymmetric impacts that are consistent with the evidence of Jones et al. (1998) and Li and Engle (1998) . Specifically, positive inflation surprises (inflation higher than expected) raise the jump probability and therefore, the conditional volatility of returns. For example, an inflation shock of size one (i.e., of size equal to one standard deviation based on the in-sample distribution of PPI shocks) increases the jump intensity by 0.48, if the shock is positive. 27 In contrast, when inflation is lower than expected, the effect on the jump intensity is completely offset. These results are also consistent with David and Veronesi (2008) in the sense that positive inflation shocks might introduce additional uncertainty of switching to a high inflation regime. Moreover, it is found that the persistent model fits well the data when PPI inflation shocks are considered. Indeed, the likelihood and the Schwarz criterion favor such a model suggesting that surprises about inflation can be associated with persistent and asymmetric effects on jump intensities. In other words, positive inflation shocks are likely to increase stock market volatility with significant persistent effects.
Regarding non-persistent news effects on jump intensities, Table 7 shows the results 27 In the logistic function Λ the coefficient for positive news is a 1 and the coefficient for negative news is a 1 + a 2 .
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for Model S-2, which is estimated for each type of macroeconomic news at a time. As in the models discussed above, only CPI news effects are significant for the conditional mean of stock market returns. The models with CPI and PPI inflation shocks do not show significant impacts of news variables on jump intensities. In contrast, monetary policy and employment shocks have highly significant non-persistent effects on jump intensities. Specifically, surprises about FFR releases increase the jump intensity. To further illustrate the importance of introducing news variables into the specification of jump intensities, Figure 4 presents averages of the estimated jump intensity prediction errors from the preferred models for each type of macroeconomic release, and compares such values with the averages obtained from the baseline specification estimated in subsection 5.1 (see Figure 3) . These averages are taken over the subsamples of PPI, FFR and NFP/Ump announcement days using Equation (10) for each jump intensity specification (the baseline model, specification S-1 for PPI event days, and specification S-2 for FFR and NFP/UMP event days). Figure 4 confirms that for monetary policy and employment releases, when the surprise component of an announcement is incorporated into the jump probabilities, the discrepancy between the ex post assessment of the probability of a jump occurrence, P (N t > 0|Ω t ), and its ex ante estimator, λ t , is substantially reduced. For inflation shocks the positive bias is more than offset and a negative bias is introduced. Hence, macroeconomic surprises can be seen not only as important determinants of conditional volatilities but also as relevant predictors of ex post (or realized) jump probabilities. 28 Nonetheless, these results are in-sample and need to be complemented by out-of-sample forecasting tests that allow us to rule out potential problems of overfitting.
Jump Intensity Forecasts
The results in the previous section indicate that the effects of different types of news events are heterogenous not only in terms of their impact on conditional mean but also in terms of their effect on jump and volatility dynamics. In this section I perform an out-of-sample forecasting exercise that compares the baseline model and the preferred models for each type of announcement. Using the estimated coefficients presented in Tables 4-7 The models are compared in terms of their volatility prediction using the high-low range volatility, as the realization measure, and volatility forecasts constructed from Equation (2), the GARCH volatility in (11), and the models for the jump intensity considered in Figure 4 . These include the baseline model, Model S-1 for PPI event days, and Model S-2 for monetary policy and employment announcement days. The models are compared in terms of their accuracy in forecasting volatility using a mean squared error (MSE) loss function. The squared root of such statistic (RMSE) is shown in Table 8 for the baseline specification and the models with news effects. Under the most realistic scenario it is natural to assume that surprises cannot be forecasted (no foresight). In such a case, Table 8 shows that the models that were estimated incorporating news variables are associated with a smaller RMSE statistic than the baseline model, for all of the announcement types. In addition, I present results of an unrealistic case in which the econometrician is able to forecast a monetary policy shock on the day before the FOMC announcement (perfect foresight). In such a case, the last row of Table 8 indicates that the model with FFR news effects would show a further decline in its RMSE statistic. Overall, these empirical findings point out the relevance of incorporating heterogeneous news events to explain different volatility patterns and suggest that jumps play an important role in explaining the effects on market volatility of macroeconomic events that take market participants by surprise. Moreover, this paper shows evidence that the information of macroeconomic surprises has predictive power for jump probabilities that leads to volatility forecast improvements on event days. 2.2676 The RMSE is computed considering realizations of the high-low range volatility and one-step-ahead recursive forecasts, which are constructed by fixing the estimates obtained in the estimation period (01/02/92-12/31/2003), and updating the volatility process using returns data up to the day preceding an announcement, during the forecasting period (01/02/2004-08/29/2008) . Under "No Foresight" the news variables are equal to zero. Under "Perfect Foresight" they are equal to their realization.
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